Feature extraction and processing are key tasks in the Image fusion algorithm, while most of deep learning-based methods use deep features directly without feature processing. This leads to the fusion performance degradation in some cases. To solve this drawback, in this paper, a novel fusion framework based on deep features and zero-phase component analysis (ZCA) is proposed. Firstly, the residual network (ResNet) is used to extract deep features from source images. Then ZCA and l 1 -norm are utilized to normalize the deep features and obtain initial weight maps. The final weight maps are obtained by employing a soft-max operation in association with the initial weight maps. Finally, the fused image is reconstructed using a weighted-averaging strategy. Compared with the existing fusion methods, experimental results demonstrate that the proposed algorithm achieves better performance in both objective assessment and visual quality. The code of our fusion algorithm is available at https://github.com/hli1221/imagefusion_resnet50.
Introduction
Infrared and visible image fusion is a frequently occuring requirement in image fusion, and the fusion methods for this work are widely used in many applications. These algorithms combine the salient features of source images into a single image [1] . The fused image approach is utilized in several computer vision tasks.
The extraction and processing of the features are keys tasks in infrared and visible image fusion, and the fusion performance is directly affected by the different features and processing methods undertaken.
For decades, signal processing algorithms [2] [3] [4] [5] were the most propular feature extraction tools in image fusion tasks. In 2016, a two-scale decomposition and saliency detection-based fusion method was proposed by Bavirisetti et al. [6] . The base layers and detail layers were extracted by a mean filter and a median filter. The visual salient features were used to obtain weight maps. Then the fused image was reconstructed by combining these three parts.
In recent years, representation learning-based fusion methods have attracted great attention and exhibited state-of-the-art fusion performance.
In the sparse representation(SR) domain, Zong et al. [7] proposed a novel medical image fusion method based on SR. In their paper, the sub-dictionaries are learned by Histogram of Oriented Gradients (HOG) features. Then l 1 -norm and the max selection strategy are used to reconstruct the fused image. In addition to this approach, the joint sparse representation [8] , cosparse representation [9] , pulse coupled neural network(PCNN) [10] and shearlet transform [11] are also applied to image fusion, which incorporate the SR.
In other representation learning domain, for the first time, the low-rank representation(LRR) was applied into image fusion tasks by Li et al. [12] . In [12] , they use HOG and dictionary learning method to obtain a global dictionary. The dictionary is then used in LRR and the fused low-rank coefficients are obtained by using an l 1 -norm and choose-max strategy. Finally, the fused image is reconsturcted using the global dictionary and LRR. For infrared and visible image fusion, Li et.al [13] also proposed an effective and simple algorithm based on latent low-rank representation(LatLRR). Here the source images is decomposed into low-frequency and high-frequancy coefficients by LatLRR and the fused image is reconstructed by using a weighted-averaging strategy.
Although these representation learning-based methods exhibit good fusion performance, they still have two main drawbacks: 1) It is very difficult to learn a dictionary offline, for representation learning-based methods; 2) The time efficiency of representation learning-based methods is very low, especially, when the online dictionary learning methods are used in fusion algorithms. So recently, the fusion algorithms have been improved in two aspects: time efficiency and fusion performance.
In the last two years, deep learning has been applied to image fusion tasks, and has been shown to achieve better fusion performance and time efficiency than non-deep learning-based methods. Most of the deep learning-based fusion methods just treat deep learning as feature extraction operation and use deep features which are obtained by a fixed network to reconstruct the fused image. In [14] , a convolutional sparse representation(CSR) based fusion method was proposed by Yu Liu et al. The CSR is used to extract features which are obtained by different dictionaries. In addition, Yu Liu et al. [15] also proposed an algorithm based on convolutional neural network(CNN). Image patches which contain different blur versions of the input image are used to train the network and a decision map is obtained. Finally, the fused image is obtained by the decision map and the source images. The obvious drawback of these two methods is that they are just suitable for the multi-focus image fusion task.
In ICCV 2017, Prabhakar et al. [16] proposed a simple and efficient method based on CNN for the exposure fusion problem. In their method, the encoding network has a siamese network architecture where the weights are tied. Input images are encoded by encoding. Then two feature map sequences are obtained and are fused by an addition strategy. The final fused image is reconstructed by a decoding network which contains three CNN layers. This network is not only suitable for the exposure fusion problem, it also achieves good performance in other fusion tasks. However, the architecture is too simple and the information contained in deep network may not have been fully utilized.
So Li et al. [17] proposed a VGG-based [18] fusion method which uses a deeper network and multi-layer deep features. Firstly, the source images are decomposed into base parts and detail content. The base parts are fused by weighted-averaging strategy. And the fixed VGG-19 network, which is trained by ImageNet, is used to extract multi-layer deep features from detail content. Then initial weight maps are calculated by soft-max operator and multi-layer deep features. Then several candidates fused detail content is obtained by initial weight maps. The choose-max is used to construct the final weight maps for the detail content. The final weight maps are utilized to obtain fused detail content. Finally, the fused image is reconstructed by combining the fused base part and the detailed content.
Although the middle layers information is used by VGG-based fusion method [17] , the multi-layer combining method is still too simple and much useful information is lost in feature extraction. This phenomenon gets worse when the network is deeper.
To solve these problems, we propose a fusion method to fully utilize and process the deep features. In this paper, a novel fusion algorithm based on residual network(ResNet) [19] and zero-phase component analysis(ZCA) [20] is proposed for infrared and visible image fusion task. Firstly, the source images are fed into ResNet which is fixed to obtain the deep features. Due to the architecture of ResNet, the deep features already contain multi-layer information, so we just use the output which is obtained by single layer. Then ZCA operation is utilized to project deep features into sparse domain and initial weight maps are obtained by l 1 -norm. We use bicubic interpolation to resize the initial weight maps to source image size. And the final weight maps are obtained by soft-max operation. Finally, the fused image is reconstructed by final weight maps and source images.
In Section2, we review related work while Section3 we describe our fusion algorithm. The experimental results are shown in Section4. Finally, Section5 draws the conclusions to the paper.
Related work
Deep residual network (ResNet). In CVPR 2016, He et al. [19] proposed a novel network architecture to address the degradation problem. With the shortcut connections and residual representations, their nets were easier to optimize than previous networks and offered better accuracy by increasing the depth. The residual block architecture is shown in Fig.1 . X indicate the input of net block, Φ(X) denotes the network operation which contains two weight layers, and relu represents the rectified linear unit. The output of residual block is calculated by Φ(X) + X. With this structure, the multi-layer information is utilzed. Furthermore, in image reconstruction tasks [21] - [23] , the performance gets better by use of the residual block. We also use this architecture in our fusion methods.
Zero-phase component analysis(ZCA). In [20] , Kessy et al. analyzed the whitening and decorrelation by ZCA operation. ZCA opeartion is used to project a random vector into a irrelevant sub-space which is also named whitening. In image processing field, ZCA is a very useful tool to process the features which can obtain useful features to improve algorithm performance. We will introduce ZCA operation briefly.
Let
T represent the mean values. And the covariance matrix Co will be calculated by
T . Then the Singular Value Decomposition(SVD) is utilized to decompose Co, as shown in Eq.1,
Finally, the new random vectorX is calculated by Eq.2,
where I denotes the identity matrix, and is a small value avoiding bad matrix inversion. ZCA utilization in image style transfer. Recently, ZCA is also utilized in image style transfer task which is one of the most popular in the image processing field.
Li et al. [24] proposed a universal style transfer algorithm using ZCA operation to transfer the style of artistic image into content image. The encoder network is used to obtain the style features(f s ) and content features(f c ). Then authors use ZCA operation to project f s and f c into the same space. The final transferred features will be obtained by a coloring transform method which is a reverse operation to the ZCA operation. Finally, the styled image is obtained by transferred features and a decoder network.
In addition, in CVPR 2018, Lu et al. [25] also use ZCA operation in their style transfer method. The VGG network is utilized to extract image features, and ZCA is used to project features into the same space.
Then transferred features are obained by a reassembling operation based on patches. Finally, the transferred features and a decoder network is trained by MSCOCO [26] dataset and utilized to reconstruct the styled image.
From above style transfer methods, the ZCA operation is a powerful tool to process image features, especially in the image reconstruction task. The ZCA operation projects image features into a sub-space and makes it easy to classify and reconstruct. Inspired by these methods, we also apply the ZCA operation into image fusion task.
The Proposed Fusion Method
In this section, the proposed fusion method is introduced in detail. Assuming there are K preregistered source images, in our paper, the K = 2. Note that the fusion strategy is the same for K > 2. The source images are represented as Source k ,k ∈ {1, 2}. The framework of the proposed fusion method is shown in Fig.2 . As shown in Fig.2 , the source images are indicated as Source 1 and Source 2 , and ResNet50 contains 50 weight layers which include 5 convolutional blocks (conv1, conv2, conv3, conv4, conv5). The ResNet50 is a fixed network and trained by ImageNet [27] , we use it to extract the deep features. And the output of i-th blocks are indicated by the deep features F i,1:C k which contain C channels, i ∈ {1, 2, · · · , 5}. and we use ZCA and l 1 -norm to process F i,1:C k , F i, * k will be obtained by these operations. Then the weight maps w i k are obtained by resize (bicubic interpolation) and soft-max. Finally, the fused image is reconstructed using a weighted-average strategy. In our paper we choose i = 4 and i = 5 to evaluate our fusion framework.
ZCA operation for deep features
As we discussed earlier, ZCA projects the original features into the same space, and the features become more useful for the next processing. The ZCA operation for deep features is shown in Fig.3 . In Fig.3 , we choose the output of conv2 layer which contains 3 residual blocks as an example to introduce the influence of ZCA operation. Each block indicates one channel of the output. The original deep features have different orders of magnitude in each channel. We use ZCA to project original features into the same space. The features become more significant, as shown in Fig.3 (ZCA feature).
ZCA and l 1 -norm operations
After the deep features were obtained, we use ZCA to process the deep features indicates the deep features obtained by the i-th convolutional block, which contains C channels, k ∈ {1, 2}. In ZCA operation, the covariance matrix and its decomposition are calculated by Eq.3, Then we use Eq.4 to obtain the processed featuresF , we utilize the local l 1 -norm and average operation to calculate the initial weight maps F i, * k using Eq.5,
As shown in Fig.4 , we choose a window which centers at theF i,1:C k (x, y) to calculate the average l 1 -norm, and in our paper t = 2.
Reconstruction
When the initial weight maps Firstly, the bicubic interpolation which is provided by Matlab is used to resize the initial weight maps into source image size.
Then the final weight maps are obtained by Eq.6,
Finally, the fused image is reconstructed using Eq.7,
Experiments and Analysis
In this section, the source images and experimental environment are introduced first. Secondly, the effect of different networks and norms in our method are discussed. Then the influence of ZCA operation is analyzed. Finally, the proposed algorithm is evaluated by using subjective and objective criteria. We choose several existing state of the art methods to compare with our fusion method.
Experimental Settings
We collect 21 pairs of source infrared and visible images from [28] and [29] . Our source images are available at [30] . And samples of these source images are shown in Fig.6 . In our experiment, DeepFuse [16] is implemented with Tensorflow and GTX 1080Ti, 64GB RAM. Other fusion algorithms are implemented in MAT-LAB R2017b on 3.2 GHz Intel(R) Core(TM) CPU with 12 GB RAM. The details of our experiment are introduced in the next sections.
The effect of different networks and norms
In this section, we choose different networks(VGG19 [18] , ResNet50 [19] and ResNet101 [19] ) and different norms(l 1 -norm, l 2 -norm and nuclear-norm [31] ) to evaluate our fusion framework.
When the nuclear-norm is utilized in our framework, Eq.5 is rewritten to Eq.8 where R(·) indicates the reshape operation and R(·) ∈ R [(2t+1)(2t+1)]×C . And the renshape and nuclear-norm operation are shown in Fig.7 .
Five quality metrics are utilized to assess the performance. These are: F M I pixel [32] , F M I dct [32] and F M I w [32] which calculate mutual information (FMI) for the pixel, discrete cosine and wavelet features, respectively; N abf [33] denotes the rate of noise or artifacts added to the fused image by the fusion process; and modified structural similarity(SSIM a ) [17] .
The performance improves with the increasing numerical index ofF M I pixel , F M I dct , F M I w and SSIM a . Also, the fusion performance is better when the value of N abf is small which means the fused images contain less artificial information and noise.
We calculate the average quality metrics values of 21 pairs of source images. In VGG19, the outputs of four layers(relu1 1, relu2 1, relu3 1, relu4 1) are used. In ResNet50 and ResNet101, we choose four convolutional blocks (Conv2, Conv3, Conv4, Conv5). These values are shown in Table 1 2 3. The best values are indicated in bold, the second best values are indicated in red font. As we can see, the ResNets(50/101) obtain all the best and the second best values in different norms. This means ResNet can achieve better fusion performance than VGG19 in our fusion framework.
Comparing ResNet50 with ResNet101 in Table 1 2 3, the quality metrics values are very close. Considering the time efficiency,in our method, the ResNet50 is utilized.
In Table 4 , we evaluate the effect of different norms with ResNet50 in our method. From Table 4 , l 1 -norm contains four best values and one second best values. This means, in our fusion framework, l 1 -norm has better performance than other norms. 
The influence of ZCA operation
In this section, we analyze the influence of ZCA operation on our method. We choose ResNet50 and three norms(l 1 -norm, l 2 -norm and nuclear-norm [31] ) to evaluate the performance with or without ZCA.
Ten quality metrics are chosen. These metrics include: En(entropy), MI(mutual information), Q abf [34] , F M I pixel [32] , F M I dct [32] , F M I w [32] , N abf [33] , SCD [35] , SSIM a [17] , and MS SSIM [36] . The performance improves with the increasing numerical index of En, MI, Q abf , F M I pixel , F M I dct , F M I w , SCD, SSIM a and MS SSIM. However, its better when the values of N abf are small. Table 5 and Table 6 show the quality values with and without ZCA, respectively. In Table 6 , when the ZCA is not used, ResNet50 with nuclearnorm achieves the best values. This means the low-rank ability is more useful than other norms in original deep features. However, in Table 5 , when we use ZCA to project deep features into a sub-space, l 1 -norm will obtain most of the best values, even compared with nuclear-norm + without ZCA. We think the ZCA projects the original data into a sparse space, and in this situation, the sparse metric(l 1 -norm) obtains better performance than lowrank metric(nuclear-norm).
Based on above observation, we choose ResNet50 to extract deep features in our fusion method, ZCA and l 1 -norm operations are used to obtain initial Table 3 : Quality metrics values -Our fusion framework use nuclear-norm and different networks. 
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Subjective Evaluation
In subjective and objective evaluation, we choose nine existing fusion methods to compare with our algorithm. These fusion methods are: cross bilateral filter fusion method(CBF) [37] , discrete cosine harmonic wavelet transform(DCHWT) [33] , joint sparse representation(JSR) [8] , saliency detection in sparse domain(JSRSD) [38] , gradient transfer and total variation minimization(GTF) [39] , weighted least square optimization(WLS) [28] , convolutional sparse representation(ConvSR) [14] , a Deep Learning Framework based on VGG19 and multi-layers(VggML) [17] , and DeepFuse [16] . In our fusion method, the convolutional blocks (Conv4 and Conv5) are chosen to obtain the fused images. The fused images are shown in Fig.8 . As an example, we evaluate the relative performance of the fusion methods only on a single pair of images ("street"). From Fig.8(c-m) , the fused images which are obtained by CBF and DCHWT contain more noise and some saliency features are not clear. The JSR, JSRSD, GTF and WLS can obtain better performance and less noise. But these fused images still contain artificial information near the saliency features. On the contrary, deep learning-based fusion methods, such as ConvSR, VggML, DeepFuse and ours, contain more saliency features and preserve more detail information, and the fused images look more natural. As there is no validation difference between these deep learning-based methods and the proposed algorithm in terms of human sensitivity, we choose several objective quality metrics to assess the fusion performance in the next section.
Objective Evaluation
For the purpose of quantitative comparison between the proposed method and existing fusion methods, three quality metrics are utilized. These are: F M I pixel [32] , N abf [33] and SSIM a [17] .
In this section, we choose 8 pairs of images to evaluate the existing methods and our fusion algorithm. The fused images are shown in Fig.9 , and the values of F M I pixel , N abf and SSIM a are presented in Table 7 . From Fig.9 and Table 7 , our method achieves better fusion performance in subjective and objective evaluation. In Table 7 , the best values are indicated Table 7 : The values of F M I pixel [32] , N abf [33] and SSIM a for 8 pairs images. in bold. Compared with other existing fusion methods, our algorithm obtains almost all the best values in N abf and SSIM a , which represent that the fused images obtained by our, which contain less noise and preserve more structure information from source images. The advantage of our algorithm is more obvious when the N abf is used to assess the fused images. Although the F M I pixel for our fused images are not the best, its values are still very close to the best one, and the results from our method to improve the fusion performance in term of N abf and SSIM a are acceptable.
Conclusions
In this article we have proposed a novel fusion algorithm based on ResNet50 and ZCA operation for infrared and visible image fusion. Firstly, the source images are directly fed into ResNet50 network to obtain the deep features. Following this ZCA operation which is also called whitening, is used to project the original deep features into a sparse subspace. The local average l 1 -norm is utilized to obtain the initial weight maps. Then bicubic interpolation is used to resize initial weight maps to the source images size. A soft-max operation is used to obtain the final weight maps. Finally, the fused image is reconstructed by weighted-average strategy which combines the final weight maps and source images. Experimental results show that the proposed fusion method has better fusion performance in both objective and subjective evaluation.
